Purpose: To propose a more accurate method to predict the soft tissue changes after orthognathic surgery. Patients and Methods: The subjects included 69 patients who had undergone surgical correction of Class III mandibular prognathism by mandibular setback. Two multivariate methods of forming prediction equations were examined using 134 predictor and 36 soft tissue response variables: the ordinary least-squares (OLS) and the partial least-squares (PLS) methods. After fitting the equation, the bias and a mean absolute prediction error were calculated. To evaluate the predictive performance of the prediction equations, a 10-fold cross-validation method was used. Results: The multivariate PLS method showed significantly better predictive performance than the conventional OLS method. The bias pattern was more favorable and the absolute prediction accuracy was significantly better with the PLS method than with the OLS method. Conclusions: The multivariate PLS method was more satisfactory than the conventional OLS method in accurately predicting the soft tissue profile change after Class III mandibular setback surgery.
The soft tissue profile does not directly reflect the changes in the underlying skeletal structure during surgical-orthodontic treatment. Some parts of the soft tissue have shown strong associations with the changes in the underlying skeletal structures, but other parts have tended to be more independent of the changes in the skeletal structure. 1 A frequently used guide to the expected soft tissue changes after surgery is expressed simply as the 1:1 correspondence ratio for a specific bone to soft tissue change. [2] [3] [4] [5] However, the ratio between the bone and soft tissue changes is extremely variable. Although certain trends persist, little of the data has been consistent across studies. Most have arrived, more or less, at different values and relationships. For example, the soft/hard tissue ratio range was reported to vary from 73% 6 to 100% 7, 8 at the lower lip area, 59% 9 to 128% 10 at the soft tissue pogonion, and 90% to 112% 2 at the mentolabial fold. However, these are still vague instructions and open to interpretation by clinicians. 11 Other typical methods used as algorithms for commercial computer programs include correlation analysis and/or regression analysis, also referred to as the conventional ordinary least-squares (OLS) method. 5, 7, 8, [12] [13] [14] [15] Each study used a limited number of variables. The mode of analyses was unidirectional and univariate. For example, after mandibular setback surgery, the soft tissue pogonion will change, not only in the anteroposterior dimension, but also in the vertical dimension, in response to the influence from vertical movement of the adjacent structures. Conventional univariate analysis will not reflect all these soft tissue changes induced by the skeletal alterations. To elaborate, a certain degree of vertical repositioning of the mandible induces anteroposterior relocation of the soft tissues. Likewise, anteroposterior skeletal changes frequently result in vertical changes in the soft tissues. These are indications that any soft tissue relocation would not be sufficiently represented only by the underlying bony reference points. To restate, the soft tissue response at a specific point after surgery is highly dependent on its adjacent points, and its neighboring points can be dependent upon each other. Therefore, to predict the soft tissue changes after surgery, the location of the adjacent points would likely provide a useful guide. Additional incorporation of other previously known factors, as much as possible, such as gender, age, interval after surgery, preoperative soft tissue thickness, and type of surgical procedures, might also increase the predictive accuracy.
Computer programs attempting to predict the soft tissue changes after surgery have been greatly improved by graphics and user interfaces. 16 All orthognathic surgical simulation software programs are based on either preprogrammed soft/hard tissue movement ratios derived from studies that reported the mean ratios of soft tissue to hard tissue movement 5 or OLS equations that represent the database for manual and computerized surgical predictions. 17, 18 When using prediction software, a potential problem is that most software identifies only a limited number of soft tissue landmarks to digitize the profile. The soft tissue response is not that simple. Thus, the multivariate approach, which involves multiple predictor and multiple response variables simultaneously, is more appropriate.
The multivariate prediction method developed rapidly with the advent of high-speed computers. The partial least-squares (PLS) method is a comparatively new method of constructing prediction equations. The basic ideas of PLS prediction methods were first developed in the field of economics and social sciences but mainly in chemometrics. 19 For example, in chemometrics or bioinformatics, the number of predictor variables, p, far exceeds the number of observations, n. This is also termed a "small n large p situation." In such cases, the OLS method is not suitable for meaningful and robust results. 20 Because there are a number of variables to consider, including patient age and gender, interval after surgery, preoperative skeletal characteristics, pre-existing soft tissue thickness and position, amount of surgical replacement at various skeletal landmarks and direction, and so forth, the situation is almost the same for the soft tissue prediction after surgery. Currently, the PLS method has become an important tool in many scientific and technological applications with image analysis, 19, 21, 22 biostatistics, and bioinformatics. [23] [24] [25] The aim of the present study was to develop a multivariate method to predict the soft tissue changes after mandibular setback surgery. The specific research goals were to determine accurate and valid predictions and suggest the appropriateness of a multivariate PLS method compared with the conventional OLS method in determining multiple predictor and multiple response variables. The null hypothesis was that no difference would be found between the soft tissue prediction accuracy and validity produced by the PLS and conventional OLS methods.
Patients and Methods

SUBJECTS
The subjects included 69 patients (43 women [average age 24 years, range 16 to 39] and 26 men [average age 23 years, range 19 to 30]) who had undergone surgical correction of a Class III mandibular prognathism by mandibular setback surgery. The subjects were selected from the patient files of the Seoul National University Dental Hospital. All subjects were of Korean ethnicity. The subjects were homogenous in terms of the surgical interventions, because a homogenous sample is required when investigating the soft tissue response to a specific orthognathic surgery. 26 No patient included in the present study had a cleft lip and palate, an injury, or a severe type of asymmetry. 27 No syndromic or medically compromised patients were included. No surgical intervention other than mandibular setback with or without genioplasty was performed. Genioplasty was accepted, because this is probably the most common adjunctive surgical procedure associated with mandibular setbacks when correction for chin projection is needed and/or patients have a flat or insufficient mentolabial contour. Those who had undergone conjunctive maxillary osteotomy procedures were excluded. All patients e554 had been treated with fixed orthodontic appliances before and after surgery. During the preoperative orthodontic treatment, the incisor teeth were appropriately decompensated, and the arches were coordinated and stabilized. Postoperative orthodontic treatment was limited to completing the adjustment of the occlusion, and minimal incisor movement was required. The institutional review board for the protection of human subjects reviewed and approved the research protocol (institutional review board no. S-D 20110009).
CEPHALOMETRICS
Lateral cephalograms were taken before and after orthognathic surgery for all patients. During imaging, the patients held their teeth in occlusion with the lips relaxed. Preoperative lateral cephalograms were taken near the time of the surgical intervention. Follow-up cephalograms were taken at least 4 months (average 8.5) after surgery. All cephalograms were traced by the same examiner (H-Y S). To orientate a subject's pre-and postoperative tracings to the same head position, the two tracings were superimposed on the anterior cranial base to confirm whether the sella-nasion planes were coincident. The anatomic tracing, cephalometric landmarks, soft tissue outline, and their abbreviations used in the study are illustrated in Figure 1 . A total of 46 skeletal landmarks and 32 soft tissue landmarks from the glabella to the terminal point were identified. Capital letters were used to demarcate hard tissue landmarks (Fig 1A) . Lowercase letters were used indicate the soft tissue landmarks (Fig 1B) .
With its origin at Sella, the vertical reference was established perpendicular to Sella-Nasion ϩ 7°. SellaNasion is considered to be relatively stable beyond 7 years of age. 28 The x coordinates represented the horizontal distance from the vertical axis and the y coordinates, the vertical distance from the horizontal axis measured in millimeters (Fig 1A) . Using a custom digitizing program with Microsoft Visual C# 2010 (Microsoft, Redmond, WA), the coordinates of every landmark on each tracing were sequentially computed in relation to the x and y reference system.
VARIABLES INCLUDED IN PREDICTOR AND RESPONSE MATRICES
A total of 134 predictor variables (also termed the input, explanatory, descriptive, regressor, or independent variables, or the X matrix) were entered into the prediction equation. These included a total of four continuous variables: patient age and gender, interval 
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after surgery, and amount of mandibular asymmetry; two factor variables: type of mandibular surgery (bilateral sagittal split ramus osteotomy vs intraoral vertical-sagittal split ramus osteotomy 29 ) and the use of genioplasty; 35 preoperative skeletal measurements; 40 preoperative soft tissue measurements and 25 preoperative soft tissue thickness variables; and 28 variables of surgical skeletal repositioning in the anteroposterior and vertical directions.
The soft tissue changes in the 18 soft tissue landmarks in both the x and the y axes were included in the 36 response variables (also termed the output, regressand, or dependent variables, or the Y matrix).
PROBLEM FORMULATION AND NOTATION
The present study used bold capital letters for the matrices (e.g., X, size 69 (N) subjects ؋ 134 (K) variables matrix of predictor variables and Y, size 69 (N) subjects ؋ 36 (M) responses matrix of response variables); superscripts for transposed matrices (e.g., X T ); bold, lowercase characters for vectors (e.g., x, x i , and y m ); and italic, lowercase characters for scalars (e.g., s, p a , and x ik ). As a first step, we subtracted the means x k and y m , from the data x k and y m , where k ϭ 1, . . ., K and m ϭ 1, . . ., M , respectively, and then scaled each variable x k and y m to the unit variance. The resulting centered and normalized data were collected in the N ϫ K matrix X and the N ϫ M matrix Y. The centering makes the following computations numerically well conditioned. 30 The normalization gives each variable equal influence in the initial stage of the data analysis.
TWO MULTIVARIATE METHODS OF FORMING PREDICTION EQUATIONS
Two multivariate methods of forming prediction equations were developed using 134 predictor and 36 response variables: the conventional OLS and PLS methods. OLS is the conventional multivariate linear regression method using forward variable selection coupled with the Akaike information criterion. 31 The prediction equation using the OLS solution can be written as Y ϭ XB OLS ϩ E, where E is an N ϫ M matrix of residual for Y, and B OLS is a K ϫ M matrix solution of least squares, coefficients B OLS ϭ (X T X) Ϫ1 X T Y using the multivariate Gauss-Markov theorem. 32 The PLS prediction equation can be written as Y ϭ XB PLS ϩ F, where F is an N ϫ M matrix of residual for Y, and B PLS is a K ϫ M (size, 134 ϫ 36) matrix of PLS prediction coefficients. In the equation itself, the PLS method resembles the stepwise OLS method; however, in contrast to the OLS method, it is applicable even if the variables are strongly intercorrelated (multicollinear), contain significant noise, and even if the number of variables is greater than the number of subjects (i.e., "small n large p situations"). 33 All predictors are included in the final solution; no variables have to be discarded, which is necessary in stepwise OLS. A variety of algorithms have been used for the PLS method. A more detailed algorithm for nonlinear iterative PLS is available from Lindberg et al, 30 Wold et al, 34 Geladi and Kowalski, 35 and Höskuldsson. 36 
VALIDATION AND ERROR TEST FOR PREDICTION METHODS
To evaluate the predictive performance of the prediction equations, the cross-validation method was used. The technique of cross-validation was also used to determine the best PLS components. 37 After fitting the equation, the bias was calculated as the mean difference. The difference between the actual result and predicted position was calculated by subtracting the value for the predicted position from the actual position, mean (Y actual Ϫ Y predicted ). The criterion of goodness-of-fit was defined as the mean absolute prediction error, mean |Y actual Ϫ Y predicted |. When developing a prediction method, typically, the model is fit for part of the data (the training set, also called the learning or study data set), and the quality of the fit is judged by how well it predicts the other part of the data (the test set, also termed the real, prediction, or validation data set). The basic idea of cross-validation is to randomly divide the data set N into L groups. Next, a reduced data set N Ϫ is formed by deleting the first group. The parameters in the equation are estimated on the basis of the reduced data set and the given criterion of goodness-of-fit, a mean absolute prediction error in the present study. Using these parameter values and the equation, the predicted values are calculated for the objects in the deleted group. Finally, the data set N is restored by including the deleted group. Next, the second group of data is deleted, and the procedure is repeated for the new reduced data set, giving a second mean absolute prediction error. Then, the third group is deleted, and so on, until each object has been deleted once, and the prediction error for this object has been calculated. 37 To compute the mean absolute prediction error in a test data set, a ten-fold cross-validation was used. In the cross-validation, each equation was estimated 10 times, each time removing one tenth of the subjects from the estimation in the training data set. Thus, every fold served for independent testing of the equation's predictive ability. Therefore, the possibility of a mistaken interpretation of the equations caused by trivial, random measurement errors was greatly reduced. 38 The language R (Vienna, Austria), a free software environment for statistical computing and the result of a collaborative effort with contributions worldwide, was used. It runs on a wide variety of Unix platforms, Windows, and Mac OS. 39 Detailed codes of the multivariate e556 OLS, modified PLS, and validation algorithm for use with language R is available by request.
Results
The subject characteristics are listed in Table 1 . The average interval after surgery was 8.5 months. A total of 17 patients underwent genioplasty. The average amount of surgical repositioning at point B was 7 mm posteriorly and 3 mm superiorly. The amount of surgical repositioning at point B was similar to the amount of overjet before surgery. This might have been because of the surgeons' aim to produce occlusions with a normal overjet when repositioning the mandible during surgery. 28 The derived prediction method was successfully cross-validated. After fitting the prediction equations in the training data set, errors (both bias and mean absolute error) were determined to be trivial to none using both the OLS and the PLS methods (data not shown).
The result of the prediction errors after applying the prediction equations in the test data set from the 2 methods are summarized in Table 2 . The soft tissue landmarks we included in Table 2 were chosen to concisely describe the validity and accuracy of the suggested soft tissue prediction method. After applying the prediction equations in the test data set, the bias did not show a significant difference between the two methods (second and third columns of Table 2 ). However, a comparison test using the mean values between the predicted and actual soft tissue profile might not have been appropriate; because underestimates and overestimates will cancel each other out, showing no significant difference between the mean values. Therefore, scattergrams and 95% confidence ellipses for several soft tissue landmarks were constructed to compare the bias (a mean difference) between the OLS and PLS methods (Fig 2) . The ellipsoid satisfies ( 2 , where x is the 2-dimensional (x and y) vector for the bias; is the mean vector for x; ⌺ is the covariance matrix; and 2 (␣) 2 is the upper 95th percentile of a 2 distribution with 2 degrees of freedom, leading to contours that contain 95% of the probability. 32 A negative value indicated the prediction was more posterior in the x axis or more superior in the y axis than the actual result. The size of the 95% confidence ellipses for the OLS method were significantly larger than those for the PLS method, showing superior predictive performance of the PLS method compared with the OLS method (Fig 2) .
Absolute prediction errors after applying the prediction equation in the test sample showed significant differences for all the soft tissue landmarks between the two methods. The PLS method showed a significantly more accurate and greater predictive performance than the conventional OLS method in all response variables (fifth and sixth columns in Table 2 ).
Discussion
The main motivation for the present study was the inaccuracy in soft tissue predictions when using com- Table 2 ). The present study is the first attempt to apply the multivariate PLS method in dental research. Also, no other validation report for estimating soft tissue prediction after orthognathic surgery has been published in dental studies.
From the clinical viewpoint, the validity of a prediction equation is the single most important factor influencing the usefulness of the prediction equation. It is necessary to identify the extent to which a prediction estimates the soft tissue change in groups of subjects other than those from which it was derived. The accuracy of test error in the test set is far more important than the training error or the goodness-offit of the prediction method in the training set from which the equation was developed, such as the simple or adjusted coefficient of determination (R 2 ) in the OLS method.
When the factors are few, are not significantly correlated, and have a well-understood relationship to the responses, a conventional analysis, such as OLS, can be a good method to turn the data into information. However, the OLS method assumes that all the predictor variables are independent, which is not the case, especially for the numerous dental and facial variables in the X and Y matrices. In practice, this condition is never exactly met. Additionally, when the number of predictors exceeds the number of observations, the likely result will be a model that fits the training data set perfectly but that will fail to predict the test data well. This phenomenon is termed overfitting. 24 That the conventional OLS method fitted perfectly in the training data set but failed to predict the real data with enough accuracy was an evident example of the overfitting phenomenon (Table 2). This implies that conventional OLS methods are not satisfactory for high-dimensional data applications, because they are not capable of solving multicollinearity among the predictor and/or response variables. In such cases, although there are many manifest factors, there might be only a few underlying or latent factors (also termed components) that account for FIGURE 2. Scattergrams and 95% confidence ellipses for bias obtained from OLS (red) and PLS (blue) prediction methods. Plots clearly indicate the bias in both x and y axes was greater in the OLS than in the PLS method. Application of the equations to individuals could result in errors to this extent in 95% probability.
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most of the variation in the response. The goal of PLS is to extract these latent factors, accounting for as much of the manifest factor variation as possible, while modeling the response well. 40 Although previous literature have reported that the main areas of inaccuracy were the lips, 26 this was not the case in the present study. Instead, the R point and the terminal points were the main areas of inaccuracy. Increased accuracy along the lip areas might have been benefited from the increased number of soft tissue landmarks added in the present study. There was a number of sources of errors. Also, the 2-dimensional representation of a 3-dimensional change is subject to a certain degree of error. As anticipated, some degree of prediction error was inevitable. This arose early from changes in the defined points of the cephalometric tracings and superimpositions. For example, the preoperative hard tissue "Pogonion" is closely related to the soft tissue "pogonion"; however, after surgery, the new most anterior point on the contour of the soft tissue chin (soft tissue "pogonion") might not reflect the original most anterior point of the soft tissue chin (soft tissue "pogonion") owing to repositioning and rotation of the mandible. 12 Therefore, the definitions themselves for several soft tissue landmarks might have contributed to the large prediction error in the x or y axes. For example, the foremost soft tissue landmark of the lower lip, soft tissue B point and pogonion, showed larger vertical, than anteroposterior, variation (Fig 2) . Also, greater anteroposterior variation was observed in the absolute prediction error for the lowermost soft tissue landmark, the menton (Table 2) . A larger variation in one axis than in another direction in some soft tissue landmarks, however, was thought to be tolerable for two reasons. First, in soft tissue rendering, some landmarks are used to determine only either the anteroposterior or vertical position. For example, the soft tissue pogonion is used to determine the foremost, x axis position. Second, because we added a number of soft tissue landmarks, the orientation of a certain point can be referred to the neighboring points.
The following variables were included in the present study and were selected after reviewing the previously published data: age, gender, interval after surgery, upper lip, pre-existing soft tissue characteristics, lip thickness, additional soft tissue landmarks on the neck area, and genioplasty.
In the present study, we only included patients with preoperative cephalometric radiographs recorded at a minimum age of 16 years for women and 19 years for men. By this age, circumpubertal growth is complete or almost complete. 41 Thus, the possible confounding effects of facial growth in the analysis were minimized. 42 Also, no evidence was found that growth affected the final result, because the analysis confirmed that patient age at the start of treatment did not influence the treatment outcome. Aging changes the soft tissue morphology, and the soft tissues are under the influence of the tension of the oral musculature and the amount of subcutaneous fat present at different ages. 18 From 24 to 34 years of age, retrusion of the lips and posterior movement of the soft tissue pogonion have been reported. 43 Because of aging, which results in a decrease in soft tissue strength, the soft tissue change one year after surgery would have mixed effects. 6, 44 We added the patient age and gender as predictor variables, which is one of the default design settings in biostatistics.
The soft tissue responses vary over time, as indicated by how the soft to hard tissue correlations were strongest immediately after surgery and weaker later. Typically, the swelling caused by the surgery begins to resolve by 8 weeks and has fully resolved by 6 months. 45 The facial morphology recovers to approximately 90% of the baseline within 3 months after surgery. 46 Therefore, to ensure adequate soft tissue recovery after surgery, a follow-up period of at least 3 months seemed necessary; thus, we included the interval after surgery as a predictor variable.
The present study included the changes in the upper lip position as response variables, although the patients did not undergo maxillary repositioning. Mandibular setback surgery alone can affect the upper lip in the horizontal and vertical directions, even without concomitant maxillary surgery. Mandibular setback surgery resulted in a decreased upper lip thickness. 47 Most changes in the upper lip included lengthening and retrusion. 15 This could have been caused by the resolution of the abnormal incisal relation before surgery. 7, 15, 48 The anteroposterior and vertical changes were not separate but correlated. A greater mandibular setback also resulted in greater retrusion and lengthening of the upper lip. 15 The soft tissue thickness should be included as a predictor variable. Also, the inclusion of the lip thickness in the prediction analysis is known to have substantially better power of explanation.
12-14 Gjørup and Athanasiou 48 indicated the operative changes in the upper lip thickness and associated them with the initial preoperative thickness of the area. Associations between the preoperative thickness of the upper and lower lips and the net change in thickness have been reported, revealing the greater the preoperative soft tissue thickness, the greater the expected change. 8 The most significant area of prediction error was the neck. Mandibular setback leads to a compression of the soft tissue by shortening of mandibular bone length but with an unchanged soft tissue volume. This relative increase of soft tissue could lead to a double chin, a relative deepening of the mentolabial fold, a loss of tissue strength, and, as a result, premature aging of the face. 7, 18 The present study included the measurements in the R point and terminal point area to properly describe this type of soft tissue response. In addition, we added several arbitrary skeletal and soft tissue landmarks to ensure gentle curving contours in this area, which would also improve the accuracy of soft tissue rendering. The accuracy for predicting the R and terminal points, however, was beyond the clinically acceptable range (Table 2 ). This might have been in part because the soft tissue in the neck region is movable when taking a lateral cephalogram.
When planning orthognathic surgery, genioplasty is a powerful adjunctive procedure to improve the facial profile. Previously, the addition of genioplasty was a confounding variable when predicting the soft tissue responses. 17, 18 Formerly, it was difficult to exactly determine the soft tissue changes specific to mandibular setback when other, simultaneous, orthognathic surgical procedures, such as a genioplasty, were included. However, the soft tissue movement after surgery should not merely be interpreted by the amount of surgical bony movement alone. For example, because the remodeling process causes bony deposition in the area, postgenioplasty surgery cases resulted in soft tissue responses caused by the remodeling of bone in the locations around Pogonion and Point B, as well in the vicinity of osteotomy lines. 3 In addition, changes in the length of the facial muscles after their detachment during surgery can affect the soft tissue response. This induces relaxation of the musculature in the lip and chin areas, associated with a decrease in the anteroposterior and vertical dimension of the lower face.
14 Therefore, in the present study, by allocating an extra number of soft and hard tissue landmarks at the chin area, we accounted for the type and direction of genioplasty when developing the soft tissue prediction.
The PLS method seems to be more appropriate than conventional methods in predicting the soft tissue profile changes after surgery. Freed from the intercorrelation between those variables, the PLS soft tissue prediction method can include as many predictor variables as possible. It is hoped that this soft tissue prediction method will provide a practical algorithm for developing a surgical treatment simulation program. The method used in the present study might facilitate the additional development of soft tissue prediction algorithms for various surgical and orthodontic treatment objectives. Because the PLS prediction method does not depend on any expanded number of variables, it has two plausible advantages. First, the curves of a soft tissue outline can be rendered and smoothed by adding an increased number of soft tissue points, which would be more compatible with computer simulations. Second, although the present study lacked frontal morphology changes and ethnicity considerations, when additional information is provided, the method could be implemented to incorporate all the other meaningful variables. This would be an interesting topic for future studies. We hope that by using this method, additional dental data sets can be incorporated, with the goal of developing a comprehensive clinical predictive model for anticipating the effect of changes on an individual's dentition and face.
In conclusion, the changes in the soft tissue profile caused by surgical orthodontic treatment have distinct characteristics that cannot be calculated or easily described using a simple formula. The present study was intended to show how the multivariate PLS method can enable practitioners to predict the soft tissue changes more accurately than with the conventional, OLS method. Using 134 predictor and 36 response variables, two multivariate set prediction equations for estimating the soft tissue changes after mandibular setback surgery were formulated from the PLS and OLS methods, with the following conclusions.
First, the multivariate PLS method demonstrated a significantly better predictive performance than the conventional OLS method. The bias pattern was more favorable, and the absolute prediction accuracy was significantly better with PLS than with OLS. Second, the multivariate PLS method was more satisfactory than the OLS method in accurately predicting the soft tissue profile changes after Class III mandibular setback surgery.
